Abstract-Acoustic communication is the most versatile and widely used technology for underwater wireless networks. However, the frequencies used by current acoustic modems are heavily overlapped with the cetacean communication frequencies, where the man-made noise of underwater acoustic communications may have harmful or even fatal impact on those lovely marine mammals, e.g., dolphins. To pursue the environmental friendly design for sustainable underwater monitoring and exploration, specifically, to avoid the man-made interference to dolphins, in this paper, we propose a cognitive acoustic transmission scheme, called dolphin-aware data transmission (DAD-Tx), in multi-hop underwater acoustic networks. Different from the collaborative sensing approach and the simplified modeling of dolphins' activities in existing literature, we employ a probabilistic method to capture the stochastic characteristics of dolphins' communications, and mathematically describe the dolphin-aware constraint. Under dolphin-awareness and wireless acoustic transmission constraints, we further formulate the DAD-Tx optimization problem aiming to maximize the end-to-end throughput. Since the formulated problem contains probabilistic constraint and is NP-hard, we leverage Bernstein approximation and develop a three-phase solution procedure with heuristic algorithms for feasible solutions. Simulation results show the effectiveness of the proposed scheme in terms of both network performance and dolphin awareness.
of underwater world less explored makes the research of underwater communications and networks mysterious and attractive. Since electromagnetic waves attenuate significantly in the conductive water medium, and optical waves have severe scattering effect and thus limited transmission range, acoustic signals become the best option for underwater wireless communications [1] , [2] . The corresponding underwater acoustic networks (UANs) has a wide range of applications, such as underwater environment monitoring, underwater resource exploration, offshore infrastructure protection, target tracking, and oceanography data collection [3] . Despite the various application scenarios, underwater acoustic communications (UACs) still suffer from many issues, such as long propagation delay, time-varying acoustic channels, high channel error rates and limited spectrum frequencies, etc., which have raised many outstanding research works endeavoring to address them and improve the network performance [4] [5] [6] .
Besides the communication quality issues, it is noteworthy that the man-made UAN may not be the only acoustic system in its deployed area, where multiple natural acoustic systems like marine mammals might appear in the same area using sounds for communications, echolocation and foraging as well [7] . Since the frequencies used by current acoustic modems are heavily overlapped with the marine mammals' communication frequencies (e.g., most UANs operate on midfrequencies from 1 kHz to 40 kHz, and the bottlenose dolphin sends whistle communication signals from 200 Hz to 24 kHz and click echolocation signals from 200 Hz to 150 kHz, respectively) [8] , [9] , the man-made noise of UANs will have harmful or even fatal impact on those lovely animals [8] [9] [10] [11] [12] . 1 Therefore, minimizing the harmful interference to marine mammals, meanwhile maintaining high network performance is significant.
Aiming at environment friendly UACs for sustainable underwater monitoring and exploration, some pioneering works have proposed underwater cognitive acoustic networks (UCANs) as a promising solution [8] [9] [10] [11] [12] . In [8] , Wang et al. introduced the concept of UCANs, in which certain oper- 1 Dolphins are heavily dependent on sound for food-finding, communication, reproduction, and navigation, and thus really sensitive to the anthropogenic noise imposed in their living environment. Some serious consequences may occur if they are exposed into a noisy environment for a long period of time, such as changes in diving and foraging behavior, displacement from critical feeding and breeding grounds, temporary and permanent hearing loss, etc [13] , [14] .
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ating settings (i.e., transmitting power, carrier frequency, modulation, etc.) can be adjusted adaptively in real-time based on the surrounding environment, presented the potential network structure and applications of UCANs, and outlined the future development of UCANs. In [9] , [10] , Luo et al. identified the research challenges and opportunities of the UCAN designs due to the unique underwater features and environmental friendly requirements. To tackle those challenges, Cheng et al. in [12] proposed a framework of acoustic channel availability prediction to protect marine mammals against man-made interferences, in which a simplified activity model is employed for different types of marine mammals and the probability of the occurrence of marine mammals' communications is assumed to be a priori knowledge. Inspired by the research in cognitive radio networks (CRNs) [15] , [16] , Luo et al. in [11] proposed a receiver-initiated spectrum management (RISM) system for UCANs, which regards marine mammals as primary users and acoustic modems/sensors as secondary users. To avoid harmful interferences to marine mammals, RISM allows acoustic sensors to conduct collaborative spectrum sensing and choose the channel based on the sensing results. However, different from the terrestrial CRNs, UCANs may not be able to afford the overhead incurred by collaborative sensing of marine animals. Generally speaking, collaborative sensing requires a frequent sensing information exchange among participating nodes. While the time and energy cost on those control packet transmissions carried by electromagnetic waves might be a minor issue in CRNs, it cannot be ignored in the underwater environment when taking the long preamble and propagation delay of acoustic communications into account [6] . The increased overhead burden by frequent sensing information exchange might even block the data transmission in UCANs. In addition, most existing works [10] [11] [12] assume a simple communication/activity model for different species of marine mammals (i.e., seals, whales, dolphins, porpoises, manatees, etc.). In fact, different species of marine mammals have different patterns of communications/behaviors. It might be very difficult, if not impossible, to find an universal communication/activity model for all kinds of marine mammals.
Underlay based power management is a common approach in terrestrial CRNs to realize the spectrum sharing between primary users (PUs) and secondary users (SUs) [17] , [18] . Through specific schemes, the interference caused by SUs at a primary receiver is limited below certain level (interference temperature constraint), meanwhile optimizing certain performance metric, such as minimizing the power consumption of SUs [19] , maximizing the transmission rate of SUs [20] , etc. Inspired by these works, owing to the development on soft-ware defined acoustic modems [21] , [22] , to address the issues above, we propose a dolphin-aware data transmission (DAD-Tx) scheme in multi-hop underwater cognitive acoustic networks (MUCANs), which targets at (i) protecting a typical species of marine mammals, dolphins, against the interference of UACs, i.e., control the power of each transmitting node by treating dolphins as PUs, and (ii) improving the end-to-end throughput by elaborately scheduling the network resource. Specifically, based on field records of dolphins' activities [23] , we define a dolphinactive distance 2 for each underwater acoustic modem, and mathematically describe the dolphin-awareness as a probabilistic constraint to control the modems' transmission power. Under the dolphin-aware constraint and multiple acoustic transmission constraints, we formulate the optimal DAD-Tx problem with the objective of maximizing the end-to-end throughput in MUCANs, and develop algorithms for feasible solutions. Note that the proposed DAD-Tx scheme can easily be extended to protect other species of marine mammals as long as the statistics/records of their activities in designated area can be provided. Our salient contributions are listed as follows.
• Inspired by the uncertain spectrum supply in CRNs [24] , we propose a novel statistics based method to model dolphins' activities in MUCANs. Based on the proposed modeling, we further mathematically describe the dolphin-awareness with a probabilistic constraint.
• With a joint consideration of dolphin-awareness and acoustic transmission features including interference mitigation and flow routing, we formulate the DAD-Tx as an optimization problem, which is a probabilistic constrained optimization without classical solutions.
• To solve the formulated problem, we leverage the Bernstein approximation approach [25] to derive a tractable conservative approximation to the probabilistic constraint of dolphin-awareness. Then, by using the tractable approximation constraint, we convert the stochastic DADTx optimization into a mix-integer non-linear programming (MINLP) problem.
• Since the formulated MINLP problem is NP-hard to solve, we develop a three-phase solution procedure for feasible solutions. Briefly, we first convert the original MINLP problem into a relaxed mix-integer linear programming (R-MILP) problem through convex hull based linear relaxation. Then, we propose a heuristic relaxand-fix based iterative (HRFI) algorithm to determine all integer variables through iteratively solving a sequence of linear programming (LP) problems. Finally, with the fixed integer variables, other variables can be determined by solving two LP problems. The rest of the paper is organized as follows. We introduce the network model of MUCANs in Section II. In Section III, we propose the DAD-Tx scheme and formulate the optimal DAD-Tx problem under multiple constraints. We derive tractable approximation for the probabilistic constraint and conduct the conversion of the optimization in Section IV. In Section V, we develop a three-phase solution procedure for feasible solutions. Finally, we analyze the simulation results in Section VI and draw conclusion remarks and future works in Section VII. 
II. NETWORK MODEL

A. Network Configuration
We consider a MUCAN consisting of a surface station (SS), a group of cognitive acoustic modems (CAMs) and several dolphins playing around. The CAMs are anchored to the ocean floor for earthquake detection, pollution monitoring or oceanography data collection, and they are interconnected by wireless acoustic links as shown in Fig. 1 . The SS plays the role of collecting the sensed information from CAMs and guiding the CAMs' data transmission in a multi-hop manner with joint consideration of power control based dolphin-awareness, interference mitigation and flow routing.
Intuitively, dolphin-aware transmission can be realized by collaboratively sensing dolphins' activities around the CAMs [11] . However, to guide such dolphin-aware multi-hop transmission from the source CAM to the destination CAM, the broadcasting based guidance will be needed frequently, which can cause too much overhead and is troublesome in MUCANs. Therefore, instead of real-time collaborative sensing of dolphins, we achieve the awareness of dolphins based on the statistics of dolphins' activities considering the fact that their habit is closely related to the physical environment with certain characteristics. Since the locations of CAMs are relatively fixed (they are anchored to the ocean floor), the statistics of surrounding dolphins' activities will not have a sudden change within a relatively short period (e.g., several hours, or several days) [23] . So, the transmission guidance is generally needed only once (i.e., for the first time of the establishment of the transmission routes) in such a static underwater sensor network. Furthermore, several promising schemes developed for the reliable control message broadcasting can be adopted to realize the centralized dolphin-aware transmission scheme [26] , [27] .
B. Modeling of Underwater Acoustic Communications
In this subsection, we present some classical models employed in this paper. For simplicity, we omitted the detailed introduction of them, which can be found in many existing research works [28] , [29] .
where k is a spreading factor, α ( f ) is an absorption coefficient, and A is a constant in dB called transmission anomaly representing other factors. For theoretical study, k can be set to 1.5, the absorption coefficient α ( f ) (dB/km) can be approximated by Thorp's formula as
and the constant A is neglected in this paper for simplicity as some other works [30] , [31] .
2) Transmission Range and Interference Range: Suppose that there are M = {1, · · · , M} available OFDM sub-channels in the MUCAN [32] , [33] , which are centered at { f 1 , · · · , f M } with bandwidth { f 1 , · · · , f M }, respectively. Assume that the transmission power at the i -th CAM on sub-channel m is p m i . Obviously, the transmission loss is monotonically increasing with the distance and the remaining power after a distance d from the i -th CAM can be expressed approxi-
−1 due to the narrow bandwidth. Based on a receiving power threshold P T CAM , we define a transmission range for each CAM i , ∀i ∈ N , when it transmits on sub-channel m with the power p m i as
Similarly, for the receiving interference, we also set a receiving power threshold as its negligible level, which is denoted as P I CAM . Then, for CAM i transmitting on sub-channel m, the interference range can be denoted as
The noise power spectral density (PSD) is usually denoted as the sum of four contributions, i.e.,
which includes turbulence, shipping, wind and thermal noise, respectively. They can be modeled with frequency f (kHz) in dB re μPa per Hz as follows [28] :
where
s indicates the shipping activities on the surface, whose value ranges from 0 to 1 representing low and high activity, respectively, and in N w ( f ), w denotes the wind speed in m/s. 
C. Modeling of Dolphin Activities
Cetacean biologists have pointed out that dolphins' activities have close relationship with the physical environment, including depth, temperature, currents, tides, chlorophyll concentration, etc. [23] . Considering CAM i ∈ N , since it is fixed on the ocean floor, the surrounding physical environment is relatively stable, which corresponds to specific characteristics of dolphins' activities, i.e., in some areas nearby some CAMs, dolphins are highly active, but in some other areas, they barely appear. To capture the characteristics of dolphins' activities nearby CAM i ∈ N , we leverage a parameterd i representing the distance between CAM i and the nearest dolphin group away from it, and we define this parameter as the dolphinactive distance of CAM i .
For the dolphin-active distance of CAM i ∈ N , it can be regarded as a random variable with certain probability distribution relying on surrounding physical environmental features. The specific probability distribution of this distance corresponding to CAM i might be hardly obtained, but the expectation, i.e., the average dolphin-active distance, denoted as E(d i ), can be achieved approximatively by sampling statistics. To be specific, as in [23] where 82 acoustic recorders were deployed on the west Florida shelf to investigate the dolphins' distribution, the dolphin-active distance can be measured by deploying some acoustic recorders nearby the CAMs. Different acoustic recorders are away from different CAMs with different distances, and each one detects the sound of dolphins within its surrounding area regularly. Then, a series of data can be obtained and the statistic characteristic can be achieved by analyzing the recorded samples. 3 Intuitively, for CAM i ∈ N , the more active surrounding dolphins are, the shorter average dolphin-active distance is and the lower transmission power CAM i should adopt. Some frequently used notations are listed in Table I .
III. DOLPHIN-AWARE MULTI-HOP DATA TRANSMISSION
Since CAMs are anchored to the floor of the ocean, the SS is supposed to know the deployed locations of all CAMs in advance. Then, the location-based statistical characteristics of dolphins' activities nearby each CAM can be captured. Furthermore, the distance-frequency-based capacity of different links can be obtained by the SS as well. Then, the SS can utilize these information to design an optimal data transmission scheme with controllable impact on dolphins. 4 Considering the M sub-channels, for CAM i , ∀i ∈ N , with a full transmission power P max i , there are M maximal transmission ranges correspondingly which are denoted as R Tmax i,m , m = 1, · · · , M. We define the set of CAMs located within the maximal transmission range corresponding to sub-channel m of CAM i as its m-th transmission neighbor set denoted as
Then, all transmission neighbors of CAM i are
, which can be calculated based on Eqn. (4). Then we define the set of CAMs which may interfere with CAM j on sub-channel m as its m-th interference neighbor set expressed as
Based on these notations, next, we will present interference constraints, flow routing constraints, and transmission power constraints for the dolphin-aware multi-hop data transmission.
A. Interference Constraints
Considering the link from CAM i to CAM j , ∀i = j ∈ N , we exploit a binary value to describe the condition of the link on sub-channel m, ∀m ∈ M , as 
Besides, one sub-channel cannot be used for transmitting and receiving simultaneously at CAM j ∈ N , due to the "self-interference" at physical layer. Thus, we have I2:
Furthermore, interference among different CAMs should be taken into account as well. Note that if CAM j ∈ N is receiving data on sub-channel m ∈ M , any other CAMs, which can cause interference to it, cannot work on the same sub-channel m simultaneously. Therefore, based on Eqn. (9), it can be written as 6 I3:
B. Flow Routing Constraints
Beyond the interference management, flow routing has important impact on end-to-end throughput as well. Let f i j denote the flow arranged on the link from CAM i to CAM j , ∀i = j ∈ N . The flow balance equations are presented as follows.
Firstly, considering the source CAM s, the total incoming data should be zero, which can be denoted as F1:
On the contrary, for the destination CAM d, there is no outgoing data. Thus, we can obtain the second constraint as F2:
Next, consider an intermediate CAM i , i = s and i = d. The amount of its incoming data should be equal to that of its outgoing data. Hence, the third constraint can be written as F3:
In addition, for any link from CAM i to CAM j , ∀i = j ∈ N , if it is active under the interference constraints, i.e., ∃x m i j = 1, m ∈ M , the total flow arranged on it cannot exceed its capacity, which can be expressed as:
where c m i j is the link capacity as indicated in (7). 
C. Transmission Power Constraints with Dolphin-awareness
6 Note that some interference neighbors of CAM j may not cause interference if they do not apply the full power for transmission. As a result, the constraint I3 may lead to a suboptimal solution. Thus, we will reformulate this interference constraint as a power constraint shown in Section III-C. Furthermore, if x m i j = 1, to guarantee the successful transmission, the transmission power,
Mathematically, considering Eqn. (18), the power constraint onp m i j can be expressed as
Accordingly, the constraint F4 can be rewritten usingp m i j as
Besides the transmission features, next, we will show the power constraint derived from dolphin-awareness. The frequency range used by dolphins for their daily communications is highly overlapped with that used by human underwater acoustic communications. Therefore, it is important to take these 'primary users' into consideration when we design the underwater data transmission scheme, otherwise, those lovely marine animals may suffer bitter experiences or even be killed due to the serious human interference. As a result, we employ a power control strategy to achieve the dolphinawareness. Based on the patterns of dolphins' activities, which can be captured by field tests and summarized statistically [23] , the SS should control the transmission power of the CAMs within or near the dolphin-active areas, or even shut them down and choose other paths for the multi-hop data transmission.
Mathematically, to model the dolphins' activities, we have defined a parameter called dolphin-active distance,d i , for CAM i ∈ N . To protect dolphins, we set M dolphin-sensitive power thresholds corresponding to the M sub-channels for CAM i , which is denoted as P i,m Dol , m = 1, · · · , M. Towards sub-channel m ∈ M , if CAM i transmits data on it, the interference power caused by it to its nearest dolphin group cannot be higher than the threshold P i,m Dol , which can be expressed as ⎛
The setting of the interference threshold should be closely related with the dolphins' hearing sensitivity. A dolphin's hearing threshold depends on several factors, such as its species, age, sound frequency, gender, etc [35] , [36] . General speaking, for relatively low frequencies ( e.g. <70 kHz), it usually ranges from 40 to 70 dB re μPa. For example, a 9-year-old bottlenose dolphin yields a hearing threshold as 42 dB re μPa at 60 kHz [37] . An old and an infant Rissos dolphin has a hearing threshold as 63.7, 63.8, 66.5 and 68.8, 71.5, 50.9 dB re μPa at 8, 16, 32 kHz, respectively [36] . Therefore, different dolphin-sensitive thresholds can be set according to different situations and protection levels. According to Eqn. (21), we can find that for CAM i , ∀i ∈ N , the smallerd i is (dolphins are active around it), the lower transmission power level should be adopted. Considering that the factord i is actually a random variable satisfying certain probability distribution, as in [38] , we leverage a parameter α to represent a confidence level and have the following dolphin-aware probabilistic power constraint as
In addition, consider the link from CAM i to j . If x m i j = 1, then the transmission power of CAM k belonging to the m-th interference neighbor set of CAM j , i.e., ∀k ∈ I m j , should be constrained to avoid causing interference, which can be described as (23) where
Then, based on the constraint P1, we can derive that x m k j = 0 because P T CAM > P I CAM . Accordingly, the second term of constraint I1 has been embedded in P1 and P3 as well and thus can also be ignored.
Finally, note that there is also a maximum transmission power constraint, i.e., P4:
D. DAD-Tx Optimization
In this subsection, we formulate the DAD-Tx optimization problem under the aforementioned constraints in terms of interference management, flow routing and power control. To maximize the end-to-end throughput, we adopt the overall flow received at the destination CAM as the objective function. Therefore, the DAD-Tx scheme can be formulated into the probabilistic-constrained optimization problem as shown in the next page, where x m i j ,p m i j and f i j are optimization variables. 7 
IV. SAFE TRACTABLE APPROXIMATION FOR DOLPHIN-AWARE PROBABILISTIC POWER CONSTRAINT
The dolphin-aware probabilistic power constraint, P2, for the DAD-Tx optimization is actually an intractable ambiguous probabilistic constraint because we cannot get the exact probability distribution ofd i for each CAM i ∈ N . Fortunately, the expectation ofd i , E(d i ), can be obtained approximatively through sampling statistics [23] . Consider that for certain (12) , (14) , (15) , (16) , (19) , (20) , (22) , (23) , (24) x
the maximum as L max i,m and the minimum as L min i,m approximatively. Therefore, in this section, by using these probabilistic characteristics, we build a tractable conservative approximation of the ambiguous probabilistic constraint P2 [25] using Bernstein approximation to convert P2 into a linear deterministic form.
Recall the probabilistic constraint P2 as
Let ξ 
and derive the following inequality accordingly as
Consequently, based on Eqn. (27), we can find that for every β ∈ (0, 1), if there exists t > 0 such that
then g L i,m ≤ β can be achieved. Mathematically, it can be expressed as
Thus, we can derive the convex conservative approximation of the probabilistic constraint P2 as (29) , as shown at the top of this page.
As it was mentioned, the exact knowledge of the probability distribution of L i,m , h(L i,m ), is unavailable, and we only have its expectation, maximum and minimum. Thus the approximation as Eqn. (29) is still intractable because the value of E exp t · ξ m i · L i,m is hardly derived. Therefore, we adopt a minimax approach to get its tractable conservative approximation, also known as Bernstein approximation. Assume that the distribution h(L i,m ) belongs to a certain family H . Then, we relax Eqn. (25) as (30) which can also be expressed aŝ
. Then similar to Eqn. (27) and Eqn. (28), we can get the following conclusions:
and if ∃t > 0 : −P i,m
Therefore, similar to Eqn. (29), we obtain the conservative approximation of the ambiguous probabilistic constraint as
Next, we further derive the tractable conservative approximation of Eqn. (34) based on the expectation, maximum and minimum of L i,m . Firstly, we present two lemmas as follows.
Lemma 1: Consider a random variable x ∈ [−1, 1] with expectation μ. Denote the family that its probability distribution P (x) belongs to as P . Then max
P(x)∈P ln (E (exp {t · x})) = ln (cosh (t) + μ · sinh (t)) . (35)
Proof: See Appendix A. Lemma 2: For all real numbers γ and λ,
Proof: See Appendix B. Based on Eqn. (34) and the two lemmas, we present the following theorem.
Theorem 1: The tractable conservative approximation of the ambiguous probabilistic constraint P2 is shown as (37) , as shown at the top of the next page.
Proof: Let
and it is obviously thatL i,m ∈ [−1, 1]. Recall the conservative approximation Eqn. (34) . We have
Denote E L i,m asμ i,m . According to Lemma 1 and Lemma 2, it can be derived that
Substitute Eqn. (39) into Eqn. (34) and thus we can obtain the tractable conservative approximation as
Considering thatμ
Substituting
and β = 1 − α into Eqn. (41), the conclusion can be achieved. Remark: Note that the Bernstein approximation of P2 as Eqn. (37) actually compresses the solution space and can only lead to a feasible suboptimal solution to the original problem. It is hardly to get the exact loss caused by the approximation because the exact probability distribution of the variable is unavailable. Without loss of generality, we briefly present the approximation ratio for two well-known distributions here, uniform and Gaussian distribution, and for more detailed analysis of Bernstein approximation, interested readers could refer to [25] .
Towards the uniform distribution within L min i,m , L max i,m , the original probabilistic constraint expressed as Eqn. (25) can be rewritten as ⎛
Accordingly, we rewrite the Bernstein approximation denoted as Eqn. (37) here as ⎛
where κ is the approximation ratio representing the loss level caused by the Bernstein approximation. Then, we can achieve that 
and the approximation ratio can be derived accordingly as
Replacing the intractable ambiguous probabilistic constraint P2 by its tractable conservative approximation Eqn. (37), we can find that the DAD-Tx optimization problem is in the form of mixed-integer non-linear program (MINLP), which is NP-hard in general [39] . Therefore, in the next section, we develop a three-phase solution procedure, which can yield a heuristic solution.
V. THREE-PHASE SOLUTION PROCEDURE
A. Overview
Observing the original MINLP DAD-Tx optimization problem, we find that the difficulty to solve this problem mainly comes from two parts. One is the non-linear part, i.e., the nonpolynomial terms in constraint F4 (log-function), and the other one is about the integer variables x m i j . Therefore, as the first phase, we construct a convex hull for each nonpolynomial term and relax the non-linear constraint into several linear constraints. Then, the original problem is converted into a relaxed mixed-integer linear program (R-MILP) problem. Based on it, we propose a heuristic algorithm to determine all integer variables x m i j by solving sequential LP problems iteratively. Once the integer variables are fixed, the R-MILP problem then turns to be a R-LP problem and other variablesp m i j and f i j can be derived accordingly.
Nevertheless, the values of f i j -variables attained by solving this R-LP problem may not be feasible due to the linear relaxation of the link capacity. Therefore, we further add a step to re-calculate the values of f i j -variables for feasible solutions. To be specific, we substitute the determinedp m i j -variables and x m i j -variables into the original MINLP problem and thus can get a LP problem. Then, the feasible values of f i j -variables can be obtained by solving this LP problem. As a result, after the three phases, we can get a heuristic solution, which is actually a suboptimal solution and can be regarded as a lower bound of the original MINLP problem.
B. Phase 1: Convex Hull Based Linear Relaxation
From the original MINLP problem, we can find that the nonlinear part only comes from the constraint F4 as Eqn. (20) . Therefore, as the first phase, we relax each nonpolynomial term (log-function) in constraint F4 based on its convex hull and convert it into several linear constraints. Specifically, we introduce a new variable v m i j for each nonpolynomial term as
For simplicity, we rewrite it as
Obviously, according to the power constraints, we can find that p m i j has a lower bound asp m i j _l = 0 and an upper bound aŝ where a = 2
. Note that for certain link CAM i to
is a constant, and thus we can obtain that γ m i j exists a lower bound denoted as γ m i j _l , and an upper bound denoted as γ m i j _u , which can be calculated as
Then, based on the bounds of γ m i j as shown in Eqn. (50), we can construct a convex hull for the function as Eqn. (49), which is composed by n segments (n−1 of them are tangential supports and one is the chord). In our paper, we take n = 4 as shown in Fig. 2 . To be specific, the three tangential segments are at (γ 
Since the log-function is within the region of the convex hull, the convex hull based constraints for each v m i j are four linear constraints, which can be expressed as (51), as shown at the bottom of the next page.
Remark: Note that the objective of the optimization is to maximize the end-to-end throughput, which is limited by v m i j -variables. Thus the optimal values of v m i j -variables will be almost surly laid on the upper bound of the convex hull region to achieve the maximal flow rate. Accordingly, instead of using the region as the constraints, we can only use the tangents as the upper bound, i.e., the fourth constraint in (51) can be ignored, and the difference only reflects in the gap between the upper bound and the logfunction as shown in Fig. 2 . Actually, we could set more points of tangency for the convex hull, rather than three adopted in this paper, to achieve a tighter upper bound as shown in Fig. 3 .
As a result, the constraint F4 can be relaxed as
with three additional linear constraints for each v m i j . 
C. Phase 2: Heuristic Relax-and-Fix Based Iterative Algorithm
Through the convex hull based linear relaxation, the original MINLP problem turns to be a relaxed MILP (R-MILP) problem. However, due to the integer variables, this problem is still NP-hard. Therefore, in this subsection, we propose a heuristic relax-and-fix based iterative (HRFI) algorithm to determine all integer variables by solving sequential LP problems iteratively. In the HRFI algorithm, during each iteration, we relax the integer variable as 0 ≤ x m i j ≤ 1 and get the optimal solution by solving a LP problem. Then we determine some of the integer variables according to certain rules and fix them in the subsequent iterations until all integer variables are determined.
To be specific, in the first iteration, we relax all the integer variables to 0 ≤ x m i j ≤ 1, ∀m ∈ M , ∀i ∈ N , ∀ j = i ∈ T m i , and the R-MILP problem is converted into a LP problem. Through solving the LP problem, we can obtain an optimal solution with relaxed integer variables. Among them, we select the maximal one Next, in the second iteration, we substitute the fixed integer variables into the R-MILP problem, relax the remaining un-fixed integer variables and achieve an updated LP problem. Then we solve the new LP problem and fix some additional integer variables based on the same process. We continue the iteration until fixing all the integer variables.
D. Phase 3: Determining Other Variables
In the first phase, according to the convex hull based linear relaxation, we reformulate the non-linear constraint with logfunction in terms of some linear constraints, and thus get a R-MILP problem. Then, towards the R-MILP problem, by using the HRFI algorithm, all integer variables can be fixed. Next, in this subsection, we will determine all other variables and seek for the heuristic solution.
Obviously, by substituting the determined integer variables into the R-MILP problem, we can obtain a R-LP problem, and p m i j -variables and f i j -variables can be attained accordingly. Unfortunately, since this LP problem is a relaxed one, in which we use a convex hull region instead of the log-function for link capacity, the obtained values of f i j -variables may not be feasible and exceed the real link capacity. Therefore, to derive the feasible values of f i j -variables, we employ an additional step. To be specific, we fix the values of [40] , and the transmission power at each CAM is 190 dB re μPa (corresponding to 6.67W) according to the user's manual. The transmission and interference power threshold is set to 120 and 100 dB re μPa, respectively. Then, refer to Section II-B, we can obtain the transmission and interference range corresponding to the five sub-channels, which are {9.61, 5.73, 3.94, 2.97, 2.38} km and {17.98, 10.06, 6.66, 4.89, 3.84} km, respectively. Towards the noise, we set s = 0.5 and w = 2.5 m/s, and for the transmission loss, we set k = 1.5 and omit the constant A as in [30] and [31] . Sufficient data in [23] show the fact that dolphins' activities are influenced by depths significantly. To be specific, the closer area to the coast, the more active dolphins present, i.e., the active level of dolphins follows a decreasing order from IS region to OS region (from [23, ). In our simulation, we take 20 samples of dolphin-active distance for each CAM, and E(d i ) and E(L i,m ) can be obtained accordingly. Since the higher active level corresponds to the shorter dolphin-active distance, the 20 samples of each CAM located within the IS, MS, and OS region are random variables within [1, 3] km, [6, 8] km, and [11, 13] km, respectively.
B. Results and Analysis
Firstly, we show the end-to-end throughput of the MUCAN based on the proposed DAD-Tx scheme with different levels of dolphin-awareness and the optimal transmission (Op-Tx) scheme without dolphin-awareness as Table II . For the DAD-Tx scheme, we set the dolphin-sensitive power threshold on all sub-channels for all CAMs the same. We consider three levels as 110 dB re μPa, 120 dB re μPa, and 130 dB re μPa, 8 and the confidence level is set as α = 0.9. Obviously, a less dolphin-sensitive power threshold corresponds to a higher level of dolphin-awareness. For the Op-Tx scheme, there is no dolphin-sensitive power threshold for each CAM, and the maximal end-to-end throughput can be achieved by solving the same optimization problem as the DAD-Tx scheme but without the dolphin-aware power constraint P2.
We employ 20 data sets corresponding to 20 different network topologies. For each data set, we choose one source CAM and one destination CAM randomly among the 15 CAMs. Comparing different schemes, we can find that the Op-Tx scheme can achieve the best end-to-end throughput, and the less level of dolphin-awareness (higher dolphin-sensitive power threshold) is, the higher end-to-end throughput can be reached. Take the 7th and 9th data set as an example. We can find that in both scenarios, available paths exist for all three levels of dolphin-sensitive power threshold, and the end-toend throughput under the 110 dB level is the worst. When the threshold is raised to 120 dB and 130 dB, the DAD-Tx scheme can achieve the same end-to-end throughput as the Op-Tx scheme because the CAMs cannot cause interference higher than 120 dB in both scenarios even when they use the full transmission power and thus the dolphin-aware power constraint P2 will have no constraining force. Furthermore, there are also some special cases. As the 3rd, 16th and 20th data set, all involved CAMs are located within the IS region with short dolphin-active distance. Therefore, no path is available even for the high threshold. By contrast, as the 5th, 8th and 13rd data set, all involved CAMs are located within the OS region where dolphins barely appear and thus the DAD-Tx scheme can achieve the maximal end-to-end throughput as the Op-Tx scheme even for the low threshold.
Next, to demonstrate the effectiveness of dolphin-awareness brought by the DAD-Tx scheme, we adopt a one-shot experiment with a random network topology shown as Fig. 4 . CAM 13 and CAM 15 are chosen randomly as the source and the destination, respectively. Different CAMs are located within different regions corresponding to different characteristics of dolphins' activities, and we employ a parameter called dolphin-active distance for each CAM to represent the active level of dolphins near it. According to the 20 samples for each CAM (20 random variables within different ranges for the CAMs located within different regions), the mean values of dolphin-active distance are shown as Table III . Dolphins are more likely to appear within IS region but barely appear within OS region [23] . Accordingly, the CAMs located within IS region have shorter dolphin-active distances and those located within OS region have longer ones.
Then, in this MUCAN, we adopt the two different schemes, i.e., Op-Tx scheme without dolphin-awareness and DAD-Tx scheme, and obtain two different strategies for data transmission from CAM 13 to CAM 15 as shown in Fig. 5 . For the DAD-Tx scheme, the dolphin-sensitive power thresholds on all sub-channels for all CAMs are set the same as P i,m Dol = 120 dB re μPa, ∀i ∈ N , ∀m ∈ M , and the confidence level for dolphin-aware probabilistic power constraint is set as α = 0.9. According to the three-phase procedure, the specific IV SOLUTIONS OF Op-Tx SCHEME AND DAD-Tx SCHEME solutions of both schemes are shown in Table IV . We can see that when Op-Tx scheme is adopted, the routing path is set to 13 → 2 → 9 → 15, i.e., the solid line from CAM 13 to CAM 15 in Fig. 5 . There is no dolphin-sensitive power threshold on each CAM, and the transmission power and the flow routing is arranged aiming to maximize the endto-end throughput reaching 100.06 kbps. Nevertheless, when DAD-Tx scheme is utilized, power threshold is adopted to avoid causing serious impact on dolphins. Since the CAM 9 is located within IS region, where dolphins are more active than other regions, the CAM 9 is shut down and a new routing path 13 → 2 → 15, i.e., the dotted line, is employed. Accordingly, although the end-to-end throughput is slightly reduced to 89.54 kbps, the new path can achieve dolphinawareness effectively.
VII. CONCLUSION AND FUTURE WORKS
To realize the environmental friendly transmission in MUCANs, in this paper, we have proposed a DAD-Tx scheme aiming to achieve the optimal end-to-end throughput with dolphin-awareness. Based on statistical features, we have modeled the dolphins' activities and mathematically described the dolphin-awareness as a probabilistic constraint. Then, under dolphin-awareness and multiple wireless acoustic transmission constraints, we have further formulated the DAD-Tx optimization problem. Considering the intractable probabilistic constraint, we have exploited Bernstein approximation approach to convert the formulated problem to a MINLP one, and developed a three-phase procedure for feasible solutions. Through simulations, we show that, in MUCANs, the proposed DAD-Tx scheme can effectively achieve dolphin-awareness and meanwhile reach the optimal end-to-end throughput. As our future works, we will continue to focus on the underwater environmental friendly transmission design, further consider some more complicated scenarios, e.g., dynamic scenarios, and try to develop some more sophisticated schemes, e.g., distributed schemes. 
Furthermore, considering E (exp {t · x}) = exp {t · x} d P (x), according to Eqn. (53), we can obtain
Therefore, the conclusion as Eqn. (35) can be obtained. Actually, this upper bound can be achieved when P (x) is a two-point distribution as P (x) = 1 + μ 2 when x = 1 and P (x) = 1 − μ 2 when x = −1.
APPENDIX B PROOF OF LEMMA 2
Proof: Define a function as
Setting its partial derivatives to be zero, we can get
and
According to Eqn. (56) and Eqn. (57), we have tanh (λ) = λ, which means that λ = 0 corresponds to the extremum. Considering
and g (γ , 0) = 0, it can be derived that the maximum of g (γ , λ) is 0 and thus Eqn. (36) can be achieved.
